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Abstract: We have integrated the observational capability of satellite remote sensing with plot-scale
tree-ring data to upscale the evaluation of forest responses to drought. Satellite data, such as the
normalized difference vegetation index (NDVI), can provide a spatially continuous measure with
limited temporal coverage, while tree-ring width index (RWI) provides an accurate assessment with a
much longer time series at local scales. Here, we explored the relationship between RWI and NDVI
of three dominant species in the Southwestern United States (SWUS) and predicted RWI spatial
distribution from 2001 to 2017 based on Moderate Resolution Imaging Spectroradiometer (MODIS)
1-km resolution NDVI data with stringent quality control. We detected the optimum time windows
(around June–August) during which the RWI and NDVI were most closely correlated for each species,
when the canopy growth had the greatest effect on growth of tree trunks. Then, using our upscaling
algorithm of NDVI-based RWI, we were able to detect the significant impact of droughts in 2002
and in 2011–2014, which supported the validity of this algorithm in quantifying forest response to
drought on a large scale.
Keywords: NDVI; tree ring; upscaling; drought
1. Introduction
The frequencies and intensities of drought events are increasing under the influence of warming
climate [1,2], with impacts on forest ecosystems such as increased tree mortality and decreased
forest productivity [3–6]. Data from multiple sources, ranging from ground-based to satellite-based
observations, have been used to demonstrate forest response to climate change [7–11]. However,
these datasets are often utilized independently, each specialized in their unique spatial and temporal
scales [12]. We set about developing a holistic approach to link these datasets and to combine their
strengths [13–15].
Tree rings can provide valuable information on tree growth response to climatic trends and its
inter-annual variability [5,16–18]. Tree rings can also be used for climate model validation in the context
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of global warming assessment, such as verifying the results derived from net primary productivity
(NPP) models [19–22]. The major advantages of tree rings as climate change indicators are their high
temporal resolution, extensively distributed specimen, long-term series, and exact dating [5]. However,
due to the limitation of tree core acquisition, tree-ring series records are spatially discontinuous and
only reflect forest responses to climate at local scales. The patchiness of spatial coverage of tree-ring
data limits their availability. If a regional indicator of tree growth can be developed as a reliable
surrogate of tree-ring width, it would allow the reverse process: upscaling of tree-ring data to a regional
level [23,24]. Furthermore, to the extent that tree growth is a surrogate for climate conditions [9,23,25],
it would allow another technique for evaluating prior climate conditions at regional, and perhaps
global, scales.
Living green plants absorb radiation in portions of the visible wavelengths and reflect the
near-infrared (NIR) wavelengths. The NIR and red reflectance are sensitive to variations in forest growth
parameters including leaf area index (LAI) and chlorophyll content of leaves [26–28]. Multispectral
sensors have spectral bands from the visible and infrared wavelengths that can be combined into
vegetation indexes [29,30]. Several vegetation indexes (VI) have been used in disturbance and drought
studies [10,31,32], many of which utilize the NIR and red bands. The normalized difference vegetation
index (NDVI) is the most widely used vegetation index to document and monitor drought and related
impacts in forests [26,33,34]. The NDVI signal is easily saturated in areas with high vegetation coverage
where the enhance vegetation index (EVI), which incorporates the blue waveband to improve its
sensitivity, is more preferred [35]. The NDVI is still more sensitive and preferred in monitoring areas
with medium and low vegetation coverage such as the semi-arid area in the Southwestern United
States [10]. Compared to traditional field measurements often taken at a local scale within a short time
span, vegetation indices from remote sensing can provide vegetation growth data at a much greater
spatial extent with continuity, and with a highly versatile temporal scale ranging from daily to yearly.
Many prior studies have reported strong positive correlations between summer NDVI and
tree-ring width [23,24,28]. It is commonly agreed that there are stronger correlations between these
vegetation indices and the actual plant growth during the growing season than the non-growing season
or the entire year [23,36,37]. However, there are two potential problems to this practice. First, there is an
underlying assumption that all months of the growing season make an equal contribution to the signal
strength of vegetation indices representing the actual plant growth, which is not always true [38,39].
Second, different regions may have different time spans for their growing seasons, and different species
within the same region may have different phenology [38,39]. Extensive prior knowledge about the
region is required to choose the “right” period of the growing season.
In this study, we propose an approach to identify the optimum time period during which the
vegetation indices have the strongest signal for relative biomass accumulation. Compared to using a
whole year of data, this approach would require less data and greatly enhance computational efficiency;
compared to using a certain period of the growing season, this approach would require no prior
knowledge about the study areas and species. Specifically, we explore the relationship between NDVI
data with varying time spans and RWI data in the Southwestern United States (SWUS). The satellite-
based NDVI reflects the growth of canopy leaves, while the field-measured tree-ring width index (RWI)
reflects trunk biomass increments as the result of leaf photosynthesis. As a result, we will establish
an optimum link between satellite observations and tree growth of various species, which allows the
following upscaling of locally accurate growth measurement. To verify the validity of this upscaling
approach, we will analyze the regional projection of RWI distribution over time (2001–2017), along
with climate patterns during the same period. The overall objective of this study is to determine how
to establish an optimum link between satellite observations and field measurements within a refined
time window for the strongest correlation, so that we can use readily available satellite data to detect
the forest long-term growth response to climate changes with better predictions.
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2. Materials and Methods
2.1. Study Region
The study area is located in the Southwestern United States (SWUS), including the states of Utah,
Colorado, Arizona, and New Mexico (Figure 1). As forests in the SWUS are mainly limited by water
deficits, it is a typical area for researching vegetation index and tree-ring response to drought [5,7,40].
It provides us with a natural experiment by which we can develop a link between satellite observation
and field measurements.
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I i i l ree Species Atlas (2015) (area in gray), and all tree-ring sites of three species in SWU from
the International Tree-Ring Data Bank. PIED: Pinus edulis; PIPO: Pinus ponderosa; PSME: Pseudotsuga
menziesii.
2.2. Tree Ring Data
The tree-ring data used was from the International Tree-Ring Data Bank (ITRDB), that is managed by
national centers for environmental information’s paleoclimatology team and the World Data Center for
Paleoclimatology (https://www.ncdc.noaa.gov/data-access/paleoclimatology-data/datasets/tree-ring).
The information in the dataset includes geographic location, time, species, raw ring width, and sample
size (number of the trees per site). The standard chronologies were created with the Program
AutoRegressive STANdardization, by detrending and standardizing from tree-ring measurement series,
then applying a robust estimation of the mean value function to remove the effects of endogenous stand
disturbances [7]. The RWI value of 1000 represents mean growth values while the value of 0 represents
no growth [7]. In this study, three dominant species, Pinus edulis (PIED), Pinus ponderosa (PIPO),
and Pseudotsuga menziesii (PSME) in the SWUS, were chosen for upscaling the field measurements by
revealing the relationship between vegetation index and tree-ring index. Those three species are the
widespread dominant species in the region, and their RWI data are readily available in the tree-ring
data bank. There are 22 sites of PIPO with 59 tree-ring records, 16 sites of PIED with 66 tree-ring
records, and 22 sites of PSME with 125 tree-ring records after 2000.
2.3. Satellite Data
NDVI: Field measurements are not easy in the SWUS because of the region’s complex terrain.
Especially for the tree-ring collection, large-scale tree-ring sampling is difficult. In this context,
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we would like to use the vegetation index to predict the growth of tree rings at a regional scale.
The Southwestern United States is a semi-arid area. Forest coverage is not very high in this region so
that the NDVI can be more sensitive for monitoring. Therefore, the responses of the subject forests
to drought were quantified through use of MODIS NDVI (MOD13A3 Version 6) from 2001 to 2017,
(http://modis.gsfc.nasa.gov/) which served to evaluate potential changes in forest leaf activity. These
data have a spatial resolution of 1 km and monthly temporal resolution. In addition to the NDVI data,
the MOD13A3 also includes a data layer of reliability assessment to evaluate NDVI data quality.
Forest map: Ponderosa pine (PIPO) is one of the most representative species in the Southwestern
United States, so we chose PIPO for upscaling. Distribution of PIPO in the Southwestern United States
was based on a recent, fine-scale analysis and classification available from the National Individual Tree
Species Atlas (https://apps.fs.usda.gov/fsgisx01/rest/services/RDW_FHP_TreeSpeciesMetrics).
2.4. Climate Data
We use the standardized precipitation evapotranspiration index (SPEI) to quantify surface water
deficit and surplus for the indicator of drought intensity [41–43]. SPEI data were obtained from the
global SPEI dataset, which was based on monthly precipitation and potential evapotranspiration from
the Climatic Research Unit (CRU) of the University of East Anglia (http://sac.csic.es/spei/database.html).
Following the results from Huang et al. [7], the time-scale of the SPEI with the strongest correlation with
RWI is a duration of 11 months ending in July in the SWUS. Therefore, we used the SPEI between the
previous September and July of the subject year (11-month time-scale in July) to reveal the relationship
between forest growth and drought [7,25].
2.5. Time-Scale Test and Empirical Model
2.5.1. Quality Assessment of NDVI Data
We used the reliability data layer in MOD13A3 dataset to evaluate the quality of the NDVI
data. Pixels were divided into five levels of reliability (Table 1). Pixels evaluated as good (rank
key = 0) and marginal (rank key = 1) provided reliable data, while data in pixels covered with
snow/ice (rank key = 2, canopy may cover with snow) or cloudy (rank key = 3) were not available.
(https://modis.gsfc.nasa.gov/data/dataprod/mod13.php). For each month, across all sites and all years,
percentages of corresponding NDVI values with various reliability were calculated. Then, data with
low quality (rank key = −1, 2 or 3) were replaced with averages from the same month of other available
years. We calculated the average NDVI value of the month across the entire time-series instead of
only from adjacent years, using only NDVI values of the month with good quality (rank key = 0 or 1).
For example, there are 17 January NDVI values from 2001–2017 and only 14 January NDVI values with
good quality. We calculated the average January NDVI value over the 14 values to replace the other 3.
Table 1. MOD13A3 pixel reliability.
Rank Key Summary Quality Assurance Description
−1 Fill/no data Not processed
0 Good data Use with confidence
1 Marginal data Useful, but look at other QAinformation
2 Snow/ice Target covered with snow/ice
3 Cloudy Target not visible, covered with cloud
2.5.2. Optimum Time Windows
For each year of a site, there is only a single annual value for the RWI to match with 144 NDVI
values (12 ending months by 12 durations ranging from 1 month to 12 months). Each month may
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have multiple different values of NDVI accumulation over a spectrum of time spans (i = 1, 2, . . . ,
12 months). For January, NDVI accumulation only has one time-scale of 1 month, for February it
has two time-scales of 1 and 2 months, and for December it has twelve time-scales from 1 month to
12 months, indicating the status of forest growth ranging from short to long term. As a result, there are
78 (1 + 2 + . . . . + 11 + 12) different values of NDVI accumulation for each site within a calendar year.
Thus NDVI accumulation can be expressed herein as NDVIi,j (the NDVI accumulation over the span
of i months ending in the month j, j = January, . . . , December). NDVIi,j represents the forest growth
during the various time windows which can be calculated by the sum of NDVI. The purpose here
is to identify the optimum time window within which NDVI accumulation has the best correlation
with its corresponding annual tree-ring growth (RWI). For each species, 78 Pearson correlation (Ri, j)
coefficients will be calculated between all RWI records and each of the 78 permutation of NDVIi,j of the
corresponding site and year, which can be expressed as a diagonal matrix of 12 by 12. The pixel (i, j)
with the highest correlation coefficient indicates the optimum time window during which the canopy
growth indicted by the NDVI has the tightest connection with the trunk growth/biomass accumulation
indicted by the RWI.
2.5.3. Empirical Model
For the time window with the maximum correlation coefficient (RmaxI,J ) of each species, i.e., during
the time span of I months from month J backward (I,J is one of i,j, it represents the duration that NDVI
has the strongest correlation with RWI), we identified the NDVI accumulation that had the strongest
correlation with the RWI. We established a linear regression model of RWI over NDVII,J for PIPO.
With this empirical model we are able to calculate its spatial distribution of RWI during 2001–2017
using the PIPO forest map and remote sensing data.
2.6. Temporal Trend Analysis at Regional Scale
It is a common practice to use linear regression in trend analysis on a per-pixel basis to reflect the
change of forests’ growth [8,44,45]. In this study, trend analysis was conducted on a per-pixel basis
using linear regression between RWI of PIPO and year (2001–2017) [8,44,45]. For each pixel, the slope
was either significantly different from zero (p ≤ 0.05, positive or negative), or not different from zero
(p > 0.05) [44]. Pixels identified with significant slopes were mapped as having either positive or
negative temporal changes, and pixels with non-significant slopes were mapped as no consistent
changes [8,46].
3. Results and Discussion
3.1. Quality Control of NDVI Data
Figure 2 shows the quality of monthly NDVI values of the pixels where the tree-ring plots were
located. Data quality was generally high in April to October and low in November to March. Snow/ice
cover (especially cover on the canopy) or cloudiness in winter resulted in low quality of satellite
observations. Although the monthly NDVI data with low quality were replaced with the averages
of monthly NDVI data with high quality from the same month of other years for this study, it is
worth noticing such a strong seasonality in the data quality. This further highlights the importance
of identifying optimum time windows for NDVI instead of blindly using data from the whole year.
It also highlights that NDVI data from November through March is poor to use, and quality control
will be warranted if the data during this time are needed.
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Figure 2. Quality assessment of MOD13A3 normalized difference vegetation index (NDVI) at all
tree-ring sites of three species (PIED: Pinus edulis, PIPO: Pinus ponderosa, PSME: Pseudotsuga menziesii)
in the Southwestern United States (SWUS). The definitions of good data, marginal data, snow or ice,
and cloudy can be found in Table 1.
3.2. Relationship between RWI and NDVI
The relationships between the RWI and NDVI changed over time during the year (Figure 3,
Tables S1–S3). The RWI of PIED was most relevant to NDVI in June (Rmax1,June = 0.39, p < 0.01, n = 66).
For PIPO, RWI was most relevant to the NDVI accumulation in June to July (Rmax2,July = 0.623, p < 0.01,
n = 59). For PSME, RWI was most relevant to the NDVI in August (Rmax1,Aug = 0.388, p < 0.01, n = 125).
It is not surprising to see NDVI had a positive linear correlation with RWI, as both variables represent
forest growth from different aspects: NDVI for canopy and RWI for trunk. Furthermore, our results
showed that RWI had the strongest positive correlation with NDVI in June to August, varying slightly
among different tree species. This is consistent with previous studies [23]. In the SWUS, the months of
June to August are at the peak of the growing season [47,48], yielding more carbon surplus to be stored
in the trunk [47], therefore leading to a higher correlation between canopy and trunk growth. We also
conducted a similar study on the relationship between EVI and RWI, the maximum Pearson coefficient
was 0.574 for EVI and 0.623 for NDVI in PIPO and similar for the other two species (both 0.390 for EVI
and NDVI in PIED, and 0.412 for EVI and 0.388 for NDVI in PSME) (Figure S1). Therefore, NDVI is
quite sensitive and suitable for monitoring vegetation growth in the Southwestern United States.
Vegetation indices of the whole growing season or of the whole year to indicate forest growth have
been used [36,37]. However, our results showed that vegetation indices such as NDVI and tree-ring
index such as RWI are most related in specific time windows of the year [23,49]. Compared to using
data of the whole growing season or whole year, using the optimum time window requires less data and
computing power with enhanced correlation between satellite observations and biological parameters.
In addition, we found that the optimum time windows were different for different tree species due
to their specific phenology. Therefore, the optimum time windows should be species-specific when
correlations between satellite observations and biological parameters are considered.
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Figure 3. The distribution of Pearson correlation coefficients between ring width index (RWI) and
normalized difference vegetation index (NDVIi,j) with the time-scal of i (I = 1, 2, . . . , 12 months) and
ending month of j (j = Janu ry, February, . . . , December) of three tr e species: (a) PIED: Pinu edulis;
(b) PIPO: Pinus ponderosa; nd (c) PSME: Pseudotsuga menziesii in th SWUS. n represents the number of
tree-ring records fr m the sites after 2000. The time span during which the NDVI accumulation had the
strongest correlati n with the RWI was identified a the optimum t me window for f rther analyses.
The color bars underneath indict the value of Pearson correlation coefficients.
3.3. Analyses of RWI over Space and Time
3.3.1. RWI Upscaling
The linear regression of RWI over NDVI accumulation during the detected optimum time window
for PIPO (Figure 4) is:
RWI = 1638.2 × NDVI2, July (1)
where RWI represents the trunk growth and NDVI2, July represents the NDVI accumulation over the
two months of June and July, with 39% variation of trunk growth explained by NDVI. If a predicted
RWI of any pixel was less than 0, indicating growth restriction [7], the value would be replaced with 0.
Combined with the PIPO distribution map, RWI maps in the SWUS from 2001 to 2017 were generated.
Figure 5 shows the RWI distribution of PIPO in 2002 when an extreme drought event happened [7,50].
There were 83.4% of the PIPO pixels with RWI less than 1000, which indicated that forest growth
was disturbed by drought. By contrast, there were 65.3% of the PIPO pixels with RWI less than 1000
indicating that forest growth was not fully recovered in 2005 after drought (Figure S2).
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2001 indicating a normal year for tree growth (Figure 6a). However, RWI decreased to about 748 ± 
289 in 2002 indicating severely hindered growth due to a certain disturbance. Recovery of tree growth 
after the disturbance was the main reason for the positive temporal trend which took 6–7 years for 
the average RWI to bounce back above 1000 (Figure 6a).  
For the pixels with negative change over time, there was a significant PIPO RWI decrease (R2 = 
0.6, p < 0.001). The pooled averages of RWI were almost all above 1000 before 2011, indicating a 
healthy growth (Figure 6b). However, RWI decreased to way below 1000 after 2011, indicating the 
. .
I l t i ic ti t at f rest gro th is disturbed by drought.
3.3.2. Regional RWI Change over Time and Response to Drought
A total of 6.14% of the PIPO forested pixels significantly decreased over time and 12.84% of
pixels significantly increased during 2001–2017. In order to explore the reason for the temporal
change, we analyzed the pooled averages of RWI in pixels with either positive or negative changes
(Figures S3 and 6). For the pixels with positive change over time, there was a significant RWI increase
for the pooled averages (R2 = 0.52, p = 0.001). The pooled average of RWI was about 1000 in 2001
indicating a normal year for tree growth (Figure 6a). However, RWI decreased to about 748 ± 289
in 2002 indicating severely hindered growth due to a certain disturbance. Recovery of tree growth
after the disturbance was the main reason for the positive temporal trend which took 6–7 years for the
average RWI to bounce back above 1000 (Figure 6a).
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for pixels with (a) significantly positive (left panel) an (b) negative (right panel) temporal trends
during 2001–2 17.
For the pixels with negative change over time, th re was a significant PIPO RWI decrease (R2 = 0.6,
p < 0.001). The pooled averages of RWI were almost all above 1000 before 2011, indicating a healthy
growth (Figure 6b). However, RWI decreased to way below 1000 after 2011, indicating the forest
was disturbed. The period of 2011–2014 contributed to the negative change. After this period of
disturbance, forest recovered slowly but incompletely till now (2015–2017, Figure 6b).
The temporal trends of forests in SWUS clearly reflect the processes of disturbance and recovery.
SWUS is a semi-arid region where moisture condition is the primary driving force for forest growth.
Here e used SPEI data to reveal the relationship between drought and forest responses. Pooled
averages of SPEI over time for pixels with significantly positive (gr en) and n gativ (red) temporal
trends during 2001–2015 were shown in Figure 7. When compa ed to Figure 7, the temporal trends of
the pooled averages of the RWI (i cluding the structural breaks) clearly lined up with the drought
events at a regional scale (earlier years for Figure 6a and later years for Figure 6b). This also indirectly
supported the validity of the algorithm for RWI scaling-up. For pixels with a positive trend, there
was an extreme drought event in 2002 that caused severe dieback and mortality [7,10]. After the 2002
drought, the moisture condition recovered within one year, while the RWI values were under 1000 for
the next six years (2003~2008) indicating the effect of disturbance persisted. The inconsistency between
the growth of trees and moisture conditions may have resulted from a lag of forest recovery—forests
need time to recover from dr ught. During the rec very time, forest growth stay d lower than before
the drought [51,52], regardles of the curren moisture conditi n. For the pixels with a negativ trend,
the SPEI data demonstrated a wet-a d-dry alternation i the SWUS from 2001 to 2015. The years of
2011 and 2013 were moderately dry, while 2012 and 2014 were not dry. However, the RWI values
stayed low continuously during this time, which may be a result of the legacy effects resulting from
moisture transitions from dry to wet [5,53]. For example, rainfall use efficiency (RUE = net primary
production/precipitation), an important indicator for plant function, has a significant relationship
with transitions of moisture condition [53]. The minimum RUE appears at the inter-annual moisture
transitions from dry to wet [53], when trees produce and store much less dry matter, yielding lower
trunk growth. Alternatively, the drought in 2011 was more serious, which might have caused a
state change.
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Figure 7. Pooled averages of standardized precipitation evapotranspiration index (SPEI, mean
± SD) over time for pixels with significantly positive (green) and negative (red) temporal trends
during 2001–2015.
Previous studies have shown a significant correlation between NDVI and tree-ring
width [13,23,24,28,49]. Since both NDVI and tree-ring width indicated the growth of trees, it is
not surprising that there was a significant positive correlation between them. Some studies have
also explored the relationships between RWI and NDVI across many time-scales. They looked
at how Pearson correlation coefficients varied between RWI and cumulative NDVI across many
time-scales [11,15]. Our research explored the change of the correlation over a continuous range of the
time window and found the time period with maximum correlation. The satellite observation (NDVI)
of this time period can better reflect the dynamics of trees growth. During this process, it is critical to
have quality control over NDVI data that may vary under different seasons and weather conditions.
Previous studies usually used NDVI data for a specific period of time or the whole year with no
discretion on data with varying qualities. Our study found that, the quality of MODIS NDVI data
has significant seasonal variation in the SWUS. Therefore, when discussing the correlation between
NDVI and tree ring over time, it is necessary to control the quality of NDVI data. On the other
hand, unlike previous studies, after revealing the relationship between NDVI and ring width index,
we further explored the spatial distribution of projected RWI at the regional scale using the established
relationship and revealed its response to drought by analyzing the spatio-temporal changes of RWI.
NDVI represents the spectral change of vegetation. It does not indicate tree growth and mortality
directly like RWI does. Converting NDVI values to RWI brings ecological significance to NDVI.
In Figure 6, we can easily observe the disturbance and recovery process of forest growth based on RWI
= 1000 baseline—the long-term mean of the site. This would not be possible using the original NDVI
data. On the other hand, RWI data were taken at individual plots that are not spatially continuous.
Predicting RWI based on NDVI would provide such spatial continuity. By analyzing the temporal
trends of predicted RWI with their corresponding SPEI, separating the pixels with positive and negative
trends from those with no-change trend, we were able to associate the temporal patterns with the
processes of climate perturbation and recovery, which also indirectly verified the validity of our
modeling approach.
3.4. Uncertainty
The scale mismatch of tree-ring plots and coarse resolution of MODIS NDVI data (1 km) might
cause uncertainty in the results in this study. The latitude and longitude of the tree-ring sites were
recorded at an accuracy of 0.01 and 0.001 degrees, respectively. This means, for example, the accuracy
of latitude (0.01 degrees) is about 1.11 km and the length of the unit longitude varies with the latitude,
therefore the maximum deviation in the latitude direction can reach 1.11 km. Such a position deviation
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is unacceptable for high-resolution images (e.g., 30 × 30 m), because the plots at the actual position and
the pixels at recorded coordinates may not overlap at all. On the other hand, there is no information
available about the sampling area of tree-ring data in the ITRDB. However, a tree-ring plot on average
included 34 sample trees, which was highly unlikely within a 30 m × 30 m grid. Therefore, using
moderately resolution images (Landsat Thematic Mapper dataset) might not be the best option in this
study. Although 1-km resolution is slightly coarse for the plots, it ensures that the plots are correctly
included within the corresponding pixels. Pixels in coarse resolution may contain a mixture of species
other than PIPO, which is another contributor to uncertainty in regional RWI prediction. Since the
vegetation indices are also related to vegetation coverage [54], the empirical model we developed
may underestimate RWI values in area with low tree cover and overestimate in area with high tree
cover. Both trees and herbaceous understory (or shrub) contribute to NDVI, therefore NDVI recovery
following the drought may not be due to tree recovery completely.
4. Concluding Remarks
We explored the relationship between ring width index and normalized difference vegetation
index with different time windows for three species in a year. Our results demonstrated that leaf growth
(NDVI) in June–August has the greatest impact on trees’ trunk growth (RWI). This species-specific
optimum time window allows the prediction of RWI at the regional scale based on satellite observation.
The temporal trends of predicted RWI data showed that both forest disturbance and recovery processes
were related to water dynamics in the SWUS. With the detection of the optimum time windows when
RWI and NDVI had the tightest connections, we were able to predict the regional RWI distribution
using satellite observations, the temporal trends of which in turn may reflect the footprints of regional
disturbance and forest recovery.
Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/11/20/2344/s1,
Figure S1:The distribution of Pearson correlation coefficients between ring width index (RWI) and enhanced
vegetation index (EVI); Figure S2:Ring width index (RWI) distribution of Ponderosa pine (PIPO) in 2005 after
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Table S1: Pearson correlation coefficients between NDVI and RWI in PIED; Table S2:Pearson correlation coefficients
between NDVI and RWI in PIPO; Table S3: Pearson correlation coefficients between NDVI and RWI in PSME.
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